Sperm precedence patterns are typically highly variable within (and between) species. Intraspeci¢c variation in sperm precedence (measured as P 2 , the proportion of progeny fathered by the last male to mate) is frequently seen as a candidate for adaptive interpretation through either male e¡ects (e.g. body size), female e¡ects (e.g. cryptic female choice) or an interaction between the two. Here we show, using computer simulation, that if ejaculates divide into a number of`packets' and packets from two males mix randomly, then a variety of patterns of sperm precedence may result. We term this process`sloppy' mixing. If ejaculates break into a small number of packets, bimodal P 2 distributions are predicted. As the number of packets is increased, then a complex series of changes through multimodal and £at to unimodal distributions results. Sloppy mixing can thus result in many of the observed P 2 distributions. Sloppy mixing is unlikely to change the predictions of adaptive models of sperm competition.
INTRODUCTION
The proportion of progeny fathered by the last male to mate, or the P 2 -value (Boorman & Parker 1976) , has long been used as a parameter in sperm comp etition studies, particularly in insects (Parker 1970a; Simmons & SivaJothy 1998) . P 2 is highly variable not only across species (Parker 1970a,b) , but typically also within a species (e.g. Lewis & Austad 1990 ; analysed and reviewed in Simmons & Siva-Jothy 1998) . The variation across species has been seen as the result of male (Parker 1970a) or female (Walker 1980; Eberhard 1985 Eberhard , 1996 adaptations, or, more recently, their interaction (e.g. see review pap ers in Smith 1984; Birkhead & MÖller 1998) .
The variation in P 2 within a species can be very extensive, and its causes often obscure. The most prevalent current view is that the realized P 2 variation within a species represents the outcome of con£icts between male and female interests (e.g. Parker 1984; Stockley 1997; Birkhead & MÖller 1998) . Some intrasp eci¢c variation has been explained in terms of male e¡ects, such as size (e.g. Parker & Simmons 2000) , resources available through variable diet (e.g. Ward & Simmons 1991) etc., although often the amount of the variation explained is low (e.g. Parker & Simmons 2000) . There has been a tendency to attribute the unexplained variation in P 2 to cryptic female choiceöbecause the experimenter often cannot easily predict the basis of sperm selection by females. For example, we (Cook et al. 1997) proposed that the variation in sperm numbers transferred should be used to predict the variation in P 2 , and suggested that the mismatch between the observed and predicted P 2 distribution might represent cryptic female choice.
However, the present paper shows that purely random e¡ects relating to the degree of sperm mixing within the female tract can not only generate high intraspeci¢c variation in P 2 , but also generate the typical P 2 distribution patterns found in experimental studies. Most models of P 2 are based on the assumption of instant random mixing of the ejaculates from di¡erent males (e.g. Parker et al. 1990; Lessells & Birkhead 1990; Parker & Simmons 1991; Hellriegel & Ward 1998) . With instant random mixing of stored sperm, large sperm numbers, and large clutch sizes, the variation in P 2 will be very small. But since ejaculates must begin competition as packages from each male, complete mixing can be achieved only after the discrete ejaculates break up within the female tract. Data on this process are lacking. We show here that where the ejaculates tend to break up into relatively feẁ packets', with sperm from the same ejaculate remaining together in each packet, and then the packets mixing randomly before fertilization (`sloppy' mixing; O. Leimar, personal communication), the P 2 variation can be very high, and can result in a variety of P 2 distribution patterns, dep ending on how many packets are formed. Our analysis is based on internal fertilization, although it is possible that similar e¡ects could apply for external fertilizers.
Male and female genitalia and genital tracts are typically complex, often involving highly specialized sperm transport and storage structures (e.g. Eberhard 1985) . In insects, for example, sperm typically remain together in discrete groups from the same male; muscular pumping structures that serve to transport the sperm from one locality to another in the female tract could e¡ect breaks in clumped ejaculate masses. Regular breaks or random breaks could result, depending on the nature of the female movements. In contrast, sperm may become dissociated by the movements of the sperm themselves. It is possible that female interests may be served by maintaining the integrity of separate ejaculates, allowing greater control over their use and hence possibly greater potential from cryptic female choice. Male interests may be best served by ensuring that their own sperm move to occupy the site of fertilization, so as to dominate paternity. High sperm motility may have arisen primarily as such a mechanism, mutants with greater sperm motility in the female sperm stores having greater success in the scramble to occupy the most favourable fertilization sites.
Here, we develop models of sloppy mixing for two competing ejaculates, although the models could be extended to three or more. With two ejaculates, for any given value of P 2 , the maximum standard deviation will occur when all P 2 -values are 0 and 1. In this case, where the mean P 2ˆP2 , then the maximum standard deviation of P 2ˆP 2 (1 ¡ P 2 ) . The minimum standard deviation of P 2 is zero (i.e. all clutches have the same value of P 2 ). A £at distribution of P 2 between 0 and 1 will have a standard deviation of 1=12 (Brown & Rothery 1993) .
COMPUTER SIMULATION PROCEDURE
Three models were explored using simulations written in Microsoft QuickBasic 1 . All models represent the stored sperm (i.e. the combined ejaculates of the two males) on a scale 0^1, but di¡er in the way in which breaks are placed in stored sperm to divide it into packets, and in the way in which those packets are allocated to the two males (¢gure 1). In model 1, the stored sperm is divided by regularly spaced breaks to give evensized packets. The packets are then allocated alternately to male 1 and male 2. This is perhaps the least realistic of the models (it could perhaps apply if sperm from di¡erent males is stored in di¡erent spermathecae) but has the advantage that the outcome of such a model on P 2 distribution and standard deviation is easily predictable, and thus provides a useful test for the legitimacy of the simulations for models 2 and 3. Model 2 also uses regularly spaced breaks in the stored sperm to give even-sized packets. Each packet is then randomly allocated to a male (by choosing a random number from a uniform distribution between 0 and 1, and allocating a packet to male 1 if the number is less than 0.5, male 2 otherwise) subject to a constraint on the total number of packets allocated to each male. Model 3 generates random-sized packets. The stored sperm is divided into two portions, the ¢rst being allocated to male 1 and the second to male 2. Random numbers, chosen from a uniform distribution between 0 and 1 are then generated to provide the location of breaks in the stored sperm (step 1 in ¢gure 1). The order of the packets is then randomized (step 2 in ¢gure 1).
We term the proportion of stored sperm used for fertilization, F. Thus, if 5% of the stored sperm is used for fertilization, Fˆ0.05. To select the start of the portion of stored sperm used for fertilization a random number between 0 and (17F) is chosen. F is then added to this value to locate the ¢nish (see ¢gure 1). The contribution of each male to this range is then calculated and P 2 is simply the proportion of male 2's sperm. Thus, once the location of F is chosen, P 2 is deterministic.
Simulations were run with a mean P 2 of 0.5 (models 1, 2 and 3) and 0.8 (models 2 and 3). A mean P 2 of 0.5 was ensured by allocating equal number of packets to each male (models 1 and 2) or by dividing the stored sperm at 0.5 (model 3). A mean P 2 of 0.8 was obtained by allocating packets at the ratio of one packet to male 1 for every four packets to male 2 (model 2) or by dividing the stored sperm at 0.2 (model 3). Results are presented of 5000 simulations for a range of combinations of parameter values. P 2 -values were grouped into classes of 0.1 for graphical presentation. Mean and standard deviation of P 2 were calculated. To test for the robustness of the simulations, ten sets, each of 5000 simulations were run for model 2 with a mean P 2 of 0.5, Fˆ0.05 and number of breaks (k)ˆ4. Mean P 2 varied between 0.49 and 0.51, and standard deviations of P 2 were within the range of 0.483^0.486.
The e¡ect of number of breaks on P 2 distribution are best presented as three-dimensional graphs. Surfaces were plotted with distance-weighted least squares using SYSTAT 1 . Using these models the e¡ects of fertilization set (F), number of breaks (k) and mean P 2 on standard deviation and distribution of P 2 were investigated. Choosing appropriate values for k (ˆpackets ¡1) is problematic due to uncertainties in the degree of sloppy mixing. kˆ1 would represent no mixing of the males' ejaculates. A maximum value of k would be 1/(number of sperm) and would indicate random mixing in models 2 and 3. We chose low to moderate values for k. The e¡ects of varying k from 2 to 320 with Fˆ0.05 on P 2 distributions for models 2 and 3 with a mean P 2 of 0.5 and 0.8 are presented ¢rst. The e¡ect of k on standard deviation of P 2 is then presented for models 1, 2 and 3. In exploring the models it became clear that F and k interacted in a consistent way. This is demonstrated by plotting the standard deviation of P 2 for a series of values of k, but with Fˆc/k. Thus if, for example, the constant cˆ1, in models 1 and 2, the size of the fertilization set and the packet size are equal (in model 3, the size of the fertilization set and the average packet size are equal). Values for c were 0.25, 0.5, 1, 2, 4 and 8.
RESULTS
Assuming a mean P 2 of 0.5 and F51/k we would expect that model 1 would generate a bimodal distribution with equal modes at 0 and 1 and a £at distribution between the modes. With Fˆ1/k a uniform (£at) distribution is expected. If F 41/k the distribution is expected to be unimodal, with the mode at 0.5. Such distributions (not presented here) were obtained from our model, using Fˆ0.05. For small values of k, the standard deviation of P 2 , S(P 2 ), approached 0.5, the theoretical maximum; for kˆ20 (i.e. 1/F), S(P 2 )ˆ0.289, that expected for a uniform distribution; for k 4 20, S(P 2 ) declined with k, becoming very close to zero above 50. For values of F 51/k the exact form of the P 2 distribution could be predicted. For example, if Fˆ0.05 and kˆ4, 75% of simulations should give a P 2 of 0 or 1 and all other values of P 2 should be equally likely. Such results were obtained. Thus we conclude that the basic approach to simulation of these problems accurately predicts P 2 distributions.
(a) P 2 distributions The P 2 distributions obtained from models 2 and 3 for a mean P 2 of 0.5 and Fˆ0.05 are shown in ¢gure 2a,b, respectively. As exp ected, the distributions at a given number of breaks are symmetrical around a mean P 2 of 0.5. The results from model 2 (regular breaks, randomly ordered) show a remarkable series of P 2 distribution patterns, changing from bimodal at low numbers of breaks, through three and four to ¢ve modes as the number of breaks increases, reducing down eventually to unimodal as the number of breaks becomes very high (¢gure 2a). We are unable to explain the details of this complexity, but it is clearly related to the fact that the breaks are regular, and to the magnitude of F relative to 1/k. The results from model 3 (random breaks, randomly ordered) are qualitatively rather similar but much less complex, ranging from bimodal at a low number of breaks, through a more or less £at distribution at intermediate numbers of breaks, to unimodal at high numbers of breaks. P 2 distributions obtained from models 2 and 3 for a mean P 2 of 0.8 and Fˆ0.05 are shown in ¢gure 2c,d, respectively. The distribution of P 2 is, as expected, strongly skewed, having a mean of 0.8 at any giveǹ number of breaks. Again, for model 2, there is ¢rst an increase in the number of modes (starting again from two), then later a reduction in the number of modes (becoming unimodal), as the number of breaks increases (¢gure 2c). For model 3, the complexity reduces, transforming from a bimodal, through a J-shaped, to a unimodal distribution, as the number of breaks increases (¢gure 2d ).
(b) Standard deviation of P 2 Figure 3a shows the standard deviation of P 2 in relation to log 10 of the number of breaks (with mean P 2ˆ0 .5). For all three models, with no breaks other than the boundary between the ejaculates (i.e. kˆ1), there is no mixing, and all P 2 -values obtained are 0 or 1, with the rare exception of cases where the fraction of sperm used, F, includes the boundary between the two ejaculates. The standard deviation was therefore close to the maximum of 0.5. As the number of breaks, k, increases, all models show a decrease in standard deviation, most rapidly for model 1, and least rapidly for model 3, towards a minimum of zero where random mixing is approached. Figure 3b explores the standard deviation of P 2 in relation to the interaction between F and k in model 2. The di¡erent curves represent simulations for which Fk is held constant at the values given on the right-hand vertical axis. For any value of Fk, above a relatively small number of breaks, the standard deviation is independent of k. The standard deviation decreases with Fk, and at Fkˆºˆ3:142, it becomes ca. 1=12, the standard deviation of a £at distribution.
(c) Observed standard deviations of P 2 Figure 4 plots the known data on standard deviation in P 2 against mean P 2 . The data are taken from the review of Simmons & Siva-Jothy (1998) on insect sperm competition, with an additional point from Wedell & Cook (1998) . The curve shows the maximum standard deviationˆP 2 (1 ¡ P 2 ), and all but two points fall within this envelope. (We suspect that the reason for these exceeding the maximum is due to the corrections involved in deriving P 2 .) High degree of`sloppiness' should be re£ected by closeness to the curve for maximum standard deviation. With random mixing, the standard deviation should approach zero. The ¢gure therefore gives some impression of the level of mixing across the di¡erent insect groups.
DISCUSSION
P 2 distributions within species are highly variable and the most typical patterns in insects are unimodal and bimodal, although more complex patterns can be found (Zeh & Zeh 1994 ). All of the 11 species of Lepidoptera (for which the data exist) listed in Simmons & SivaJothy's (1998) review have P 2 ranges of 0.0^1.0, and of these, all but two distributions are listed as bimodal with peaks around 0 and 1. Recently, Wedell & Cook (1998) have reported the same bimodal pattern in the butter£y, Pieris rapae. This is exactly as we would predict for sloppy mixing, with very few breaks in the fertilization set. Of course, wide P 2 range e¡ects (0.0^1.0) could occur through failure to transfer sperm, so that the fact that the range may include 0 or 1 may be an artefact. However, in some studies (e.g. Cook et al. 1997) , it was established after Figure 4 . Observed estimates of standard deviation in P 2 against observed mean P 2 for the data reviewed in Simmons & Siva-Jothy (1998 the experiment that the female had received sperm from two competing males; Cook et al. (1997) inspected females for the presence of two spermatophores. More information can usually be gained from the P 2 distribution and its standard error. Failures to transfer sperm are unlikely to result in strong modes near 0 and 1 if such instances are relatively infrequent, and the most plausible explanation for such distributions is a low level of ejaculate mixing before fertilization.
Other P 2 distributions are quite strongly unimodal (e.g. Simmons 1987) or £at. Strong evidence for £at distributions comes from four of the studies reviewed by Simmons & Siva-Jothy (1998) , which show P 2 ranges of 0.0^1.0 and standard deviations of ca. 0.28. Flat and unimodal distributions are plausibly explained, respectively, by intermediate and high levels of sperm mixing before fertilization (i.e. mid and high values of k).
If F can be estimated from a knowledge of number of sperm stored, the clutch size, the e¤ciency of fertilization (how many sperm are wasted for each one used), and the standard deviation of P 2 measured, then the value of k can be predicted for a set of real data (making assumptions about the mechanism of making breaks). Once the degree of mixing is known, the random variation in P 2 due to this cause can be predicted. Clearly,`unexplained variation' in P 2 experiments cannot be attributed to cryptic female choice (or any other adaptive phenomena). Only the variation that remains after accounting for the random variation due to the degree of mixing can be claimed as candidate variation for adaptive interpretations. Thus, the important criterion becomes not how much of the total P 2 variation is explained by a given phenotypic character, but how much of the remaining variation (after accounting for sloppy mixing) can be explained by the character. For example, if sloppy mixing accounts for 75% of the total variation in P 2 , a phenotypic variable that explains (say) 5% of the total variation actually accounts for ¢ve out of 25 (i.e. 20%) of the explainable variation One obvious way to measure the degree of mixing directly would be by sequential progeny analysis, i.e. by continuously collecting fertilized eggs as they are produced and ascribing paternity continuously throughout the fertilization run. Knowing the e¤ciency of sperm use and the typical number of sperm stored, it should be possible to estimate the number of breaks (the degree of sloppy mixing). Knowing the number of competing ejaculates, and the mean P 2 , the observed standard deviation of P 2 can be compared with the expected P 2 to determine whether the paternity pattern can be explained solely within the framework presented here.
The present models assume that ejaculates break up in a de¢ned way, and then the sperm packets from rival ejaculates mix (randomly in models 2 and 3) before fertilization. That there is no change in mean P 2 over successive oviposition bouts in some sp ecies (e.g. Scatophaga, Parker 1970b) suggests that the sperm packets maintain their integrity for long periods of time in storage within the female. However, in other species, the mean P 2 changes, suggesting more complex mixing processes, probably involving increasing dissociation through time.
Finally, how will sloppy mixing a¡ect models of sperm competition and resulting adaptation ? Models of sperm competition mechanisms (e.g. Lessells & Birkhead 1990; Parker et al. 1990; Parker & Simmons 1991) typically assume that sperm used at fertilization (the fertilization set) are randomly mixed. The present models assume that it is the packets of sperm, rather than the sperm themselves, that are randomly mixed before fertilization. The mean or expected P 2 is unlikely to be changed by this distinction. We stress that the di¡erence will be to change the variation in P 2 , as we have here shown. It is the expected P 2 that is typically used in adaptive models, since from the male perspective, this will be the optimization criterion. Thus the predictions of the adaptive models stand unaltered. For example, models of sperm displacement in dung-£ies have calculated the expected increase in P 2 with time spent copulating to predict the optimal copula duration from the male perspective (e.g. Simmons et al. 1999; Parker & Simmons 2000) . This will be equivalent to the arithmetic mean of the P 2 at a given time in copulation, and hence equivalent to the expectation with instant random mixing.
Ole Leimar's suggestion, at a conference organized by Nina Wedell in the Department of Zoology, Stockholm University, that sloppy mixing might explain the P 2 distribution in Plodia acted as the initial stimulus for this paper. We are indebted to both Ole and Nina.
